portion of the landscape, making wildfires less likely the following year, regardless of ENSO conditions, because less fuel will be available for new wildfires. This is likely to be common in relatively small, regional landscapes, where proactive management efforts are most easily and effectively applied, such as Florida's Everglades National Park (ENP), as opposed to larger regions such as the entire US Southeast. Second, our time series model accommodates changes in the relationship between predictor variables and wildfire severity as conditions evolve over time. This is an important consideration as both climate changes and wildfire management alter the observed relationship between wildfire predictors and wildfire occurrence.
We explore the potential for time series models to predict the area burned in ENP during the spring wildfire season (April and May), 3 months and 1 year ahead of time. Three-month predictions would allow for the creation of buffers to protect structures or other sensitive areas, including cultural sites, from wildfires, while one-year predictions would allow for prescribed fires during the previous natural fire season, thus maximizing ecological benefits by mimicking natural lightning fires (Herndon et al. 1991; Platt et al. 2002) . Our goal is to demonstrate the potential to forecast the severity of an upcoming wildfire season and, therefore, the potential effectiveness of a proactive management approach.
Everglades fire ecology
Fire is critical to Everglades ecosystems, where frequent wildfires result from the interaction of ecosystem characteristics, hydrology, and climate (Beckage et al. in press) . Extensive sawgrass (Cladium jamaicense) marshes require periodic fires for rejuvenation (Wade et al. 1980 ) and produce sufficient biomass to fuel wildfires in two to three wet seasons (Gunderson and Snyder 1994) . Fire-adapted subtropical pine (Pinus elliottii var densa) savannas require frequent fire to prevent displacement by native and invasive woody species (DeCoster et al. 1999; Platt 1999 ; Figure 1 ).
The Everglades has a seasonal subtropical climate (Sarmiento and Monasterio 1975) . Frequent, lightningignited wildfires occur during the spring wildfire season in April and May, the transition from winter dry to summer wet season, when water levels are at their lowest (Beckage et al. 2003) . Wildfires during the transition period burn 70% of the annual area burned, and are the most difficult and costly to control. For example, the Ingraham Fire, one of the largest recorded lightning-initiated fires east of the Mississippi River, burned over 40 000 ha beginning in May 1989 and cost $850 000 (over $1.2 million in 2001 dollars) to manage and contain (Nate Benson, pers comm).
The Everglades spring wildfire season is sensitive to the El Niño-Southern Oscillation (Beckage et al. in press) because of ENSO's influence on winter rainfall in the southeastern US (Ropelewski and Halpert 1986) . Winter precipitation is increased during the El Niño phase of ENSO and decreased during the La Niña phase, influencing the severity of the winter drought and the spring wildfire season. ENSO indices during the winter dry season may therefore indicate the severity of the upcoming spring wildfire season. A more detailed discussion of ENSO effects on fire regimes in ENP can be found in Beckage et al. (in press) .
Statistical model
We modeled the area burned by wildfires in Everglades National Park during the spring wildfire season using a time series model that considers the area burned in previous years and the Southern Oscillation Index (SOI) of ENSO conditions to predict the area burned in the current year. The areas burned by wildfires in the years 1948-2001 were obtained from ENP fire records. We used the SOI from 3 or more months (January or earlier) prior to the midpoint of the spring wildfire season as a predictor variable in the 3-month predictions. This allowed us to compute various summary values of SOI indices -eg January SOI, mean December-January SOI, mean NovemberJanuary SOI, etc. The 3-month model used area burned in previous wildfire seasons and the SOI covariate to predict the area burned in the upcoming wildfire season, while the 1-year model used only the area burned in previous wildfire seasons.
Area burned in previous years might be a useful predictor of area burned in the current fire season for two reasons. First, the 2-3 years following large fires might see reduced fires as fuel recovers. Also, climatic conditions that positively or negatively influenced wildfire conditions might tend to last a number of years, resulting in similar areas burned (either large or small) in adjacent years. These mechanisms could lead to a combination of positive and negative relationships between area burned in the current year compared to past years.
We modeled area burned with an autoregressive moving average (ARMA) form of a dynamic linear model time series (Box and Jenkins 1976; West and Harrison 1999) . In the ARMA model, the area burned in previous time steps predicts area burned in the current time step through autoregressive (AR) coefficients. These describe the effect of previous area burned on area burned in the current time step, and moving average (MA) coefficients describe the effect of previous Gaussian error terms (ie, a t-1 to a t-q, below, that represent the difference between predicted and observed area burned in previous time steps) on the current prediction. The ARMA model is given by:
where z t is the predicted mean of the log-transformed time series (log[area burned + 0.5]) at year t, and y t-1 is the observed area burned (log transformed) at year t-1. X is the design matrix for covariates, and ␤ t is a vector of estimated coefficients associated with the covariates. The indexing by time indicates that the ␤ t parameters are dynamic and can change value over time as conditions evolve. t l to t p are the autoregressive (AR) coefficients described above. The time subscript indicates that these parameters can also change value over time. t l to t q are the moving average (MA) coefficients that are also indexed by time, and p and q are the order of the autoregressive and moving average processes, respectively. The order describes the number of previous time steps (years) that are used to predict the current area burned.
The dynamic formulation of the ARMA model (eg indexing of model parameters by time) allowed for model parameters to evolve over time as conditions change, rather than being restricted to a single best estimate across (1989) We evaluated a number of potential models based on alternate SOI summaries and order of the ARMA process before selecting the "best" model based on a static (nontime varying) ARMA time series model and Akaike's Information Criterion (AIC). AIC is a model selection criterion that selects the "best" or most parsimonious model for the data. The model selection process yielded similar SOI summaries and order of the ARMA process over different time periods (eg 1948-1990, 1948-2001, etc) . ARMA models of order p = 2 and q = 2 were selected for both the 3-month and 1-year models, and mean Nov-Jan SOI was used as an additional covariate in the 3-month model.
The time series models were fit using Bayesian Markov Chain Monte Carlo methods and the winBugs software (Spiegelhalter and Best 1999; Congdon 2001) . The Bayesian approach facilitated the computation of unconditional likelihoods by easily accommodating imputation of data values from before the beginning of the ENP fire record. This approach also simplified the calculation of auxiliary quantities, such as the probability of larger wildfires occurring in the current wildfire season compared to the last. We evaluated model fit by computing the mean absolute deviation between the predicted and observed data on the transformed scale.
Results
We were able to accurately model area burned in the spring wildfire season in Everglades National Park. Predicted area burned approximated the observed area burned with the 90% credible intervals containing all observations (Figure 2 ). Increased SOI index (La Niña conditions) was associated with increased area burned, and decreased SOI index (El Niño conditions) was associated with reduced area burned during the April-May wildfire season from 1960 onward (Figure 3) . The relationship between SOI and area burned was reversed for the period 1948-1959.
The probability of a larger area being burned during the transition period in the current year compared to the preceding year was predicted to range from <0.01-0.99 across years, providing a simple but discriminating measure of wildfire risk. The quality of the predictions decreased as the forecast length increased from 3 months to 1 year; the mean absolute deviations between the predicted and observed data increased from 1.40 to 1.45. For example, the 1-year model predicted that 21 000 ha would be burned in 1989, the year of the Ingraham fire, compared to the 51000 ha actually burned. Although the absolute error was substantial, the predicted area burned was the third largest in 54 years, clearly indicating that the upcoming wildfire season would be severe. The 3-month model predicted that a larger area (32 000 ha) would be burned, providing a further indication that the upcoming wildfire year would be severe. Advance predictions of an upcoming severe wildfire season could have resulted in proactive fire management actions that would have greatly reduced the costs associated with the Ingraham fire. The prediction of the large area burned in 1950 (Figure 2 ), 3 years into the time series, suggests that reasonable predictions of severe fire seasons can be Park, 1948 -2001 Three-month predictions that included mean November-January SOI as a covariate.
made with relatively short data series once an appropriate model has been selected. This is reflected in the initial rapid evolution of model parameters during the first 3 years (Figure 3) . The continued slow migration of model parameters beyond 3 years appears to result from strong correlations between model parameters. This correlation means that we can accurately estimate the combined effect of the model parameters, and therefore make accurate predictions, but our estimates of individual model coefficients require longer time series. For example, the SOI parameter requires 12 years of data before it enters the positive region where it should probably lie, because La Niña conditions are negatively associated with winter rainfall in south Florida (Beckage et al. in press) . The longer time required for the SOI parameter to reach this range probably results from its strong correlation with the AR t l ( = -0.83), MA t l ( = 0.91), and MA t 2 ( = 0.94) model parameters. These high correlations may also explain the good performance of the 1-year model, which does not contain the SOI covariate, since the AR and MA model terms can "absorb" the SOI effect. Longerterm variability in model parameters, such as the decline in the SOI parameter in the 1990s (Figure 2 ), may reflect variability in the ENSO-fire relationships, or may be due to other changes in the hydrology of the Everglades, such as altered water management or increased incidence of tropical storms, producing high water levels that persist into the subsequent dry season (Beckage et al. in press) .
Discussion
Accurate forecasts of the severity of upcoming wildfire seasons may be possible months in advance. Encouragingly, our model of wildfire severity appears to have only modest data requirements. However, longer data time series, as well as an understanding of the processes that drive wildfire regimes in a particular region, will facilitate the formulation of an appropriate statistical model for systems other than the Everglades. We also caution that our predictions were not true "out of sample" predictions because model selection, parameter estimation, and the modeling process itself used the data that were to be predicted. Large discrepancies between model predictions and data would lead us to further refine our model structure. Nevertheless, our results are encouraging, and land managers in ENP have expressed interest in our forecasts of wildfire severity.
Annual predictions of wildfire severity at regional spatial scales such as Everglades National Park could facilitate effective and ecologically sound fire management, enabling simultaneous reduction of the most costly and negative economic effects of wildfires while preserving the necessary and natural role of fire in ecosystem function. We believe that similar time series models might prove useful for modeling wildfires in other ecosystems around the world, because of the similar roles of global ENSO cycles in determining precipitation patterns and wildfire occurrence (Swetnam and Betancourt 1990; Holmgren et al. 2001) .
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